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Abstract In this paper, we investigate an approach to
supporting students’ learning in science through a combi-
nation of physical experimentation and virtual modeling.
We present a study that utilizes a scientific inquiry
framework, which we call ‘‘bifocal modeling,’’ to link
student-designed experiments and computer models in real
time. In this study, a group of high school students
designed computer models of bacterial growth with refer-
ence to a simultaneous physical experiment they were
conducting, and were able to validate the correctness of
their model against the results of their experiment. Our
findings suggest that as the students compared their virtual
models with physical experiments, they encountered
‘‘discrepant events’’ that contradicted their existing con-
ceptions and elicited a state of cognitive disequilibrium.
This experience of conflict encouraged students to further
examine their ideas and to seek more accurate explanations
of the observed natural phenomena, improving the design
of their computer models.
Keywords Simulation  Modeling  Constructivism 
Science learning  Biology  Experimentation 
Constructionism
Introduction
The nature and role of school science laboratories have
been subject to widespread controversy in the research
community (NRC 1996), especially regarding the benefits
of physical, virtual, and combined laboratories (Olympiou
and Zacharia 2012; Triona and Klahr 2003; Zacharia
2007). The popularity of simulation environments such as
PhET (Perkins et al. 2006) has led policy-makers and
scholars to question the real value of physical laborato-
ries—especially in the face of the associated costs and
logistics. A wave of research studies within the past
10 years has explored: (a) What are the advantages of
physical laboratories relative to virtual laboratories and
manipulatives, (b) whether the latter can replace the former
(Triona and Klahr 2003), and (c) in what ways virtual
models can simulate complex phenomena and permit stu-
dent experimentation in domains that might otherwise be
costly, impractical, or dangerous (Finkelstein et al. 2005;
Jaakkola and Nurmi 2008; Jaakkola et al. 2011; Klahr et al.
2007; Perkins et al. 2006; Resnick and Wilensky 1998).
The literature comparing hands-on or physical models
(PM) with virtual models (VM) for science learning has
sought to establish rules for choosing one modality over the
other or for ordering them as distinct phases in a sequential
process (de Jong et al. 2013). Zacharia and Anderson
(2003) found that combining physical and virtual models
increased teachers’ learning of content knowledge in phy-
sics. Zacharia and Constantinou (2008) recreated this result
with undergraduate physics students by first employing a
physical model rather than a virtual one, and Jaakkola and
Nurmi (2008) obtained similar results for elementary
school students. Most of these early studies pointed to the
advantage of virtual over physical laboratories, but soon
researchers found that the combination of the physical and
& Paulo Blikstein
paulob@stanford.edu
1 Stanford University, 520 Galvez Mall, CERAS 232, Stanford,
CA 94305, USA
123
J Sci Educ Technol (2016) 25:513–526
DOI 10.1007/s10956-016-9623-7
virtual laboratories led to greater conceptual understand-
ings than did either type singly. For example, Liu (2006)
compared groups of female high school students utilizing
computer simulations and/or hands-on laboratory activities
in chemistry. Controlling for time-on-task, the combination
of both PM and VM was more effective than either option
alone. But interesting interactions between content learning
and epistemology were observed for this composite
approach: There was a correlation between students’
understanding of the chemistry content and a belief that the
chemistry model demonstrated was an exact replica of
reality. In other words, students who understood the con-
tent better were not necessarily more epistemologically
sophisticated. This finding is a preliminary indication of the
importance of directly addressing epistemological issues in
both laboratory- and model-based inquiry environments,
either in virtual, physical, or combined models.
The literature further suggests that while multiple rep-
resentations can help students understand underlying sci-
entific concepts, they can also be overwhelming to new
learners who may not know what are appropriate elements
of each representation on which to focus (Kirschner et al.
2006). One approach to helping new learners make sense of
these multiple representations is to link them explicitly, so
that changes in one modality will directly affect the other.
Van der Meij and de Jong (2006) investigated this question
in a virtual physics learning environment, employing
multiple graphical representations to convey the relation-
ships between variables in a mechanical system. In one
experimental setup, the representations were dynamically
linked so that each responded to changes in the other, and
they were ‘‘integrated’’ through their close visual proximity
to each other. In a second condition, the variables were
integrated but unlinked, and, in a third, they were both
unlinked and unintegrated. The authors found that students
who learned the most were best able to transfer their new
knowledge to new problems, and that these same students
reported the least difficulty with the version that was both
linked and integrated—a finding that expands upon the
design principle of ‘‘multiple representations’’ (Blake and
Scanlon 2007). However, intergroup differences emerged
only when more challenging problems were presented to
the students. Although all groups’ performances were
approximately equal for the easier questions, the results
suggest that for more difficult problems involving the use
of many sources of information, scaffolding becomes
increasingly important. The authors explain this finding in
terms of scaffolding’s ability to reduce the working
memory load the students require for tracking multiple
representations carefully enough to identify their
relationships.
Together, these findings suggest that combining and
linking computational tools and physical laboratories has
considerable potential for classroom science learning.
While the potential of this combination of virtual and
physical models as a tool for science learning has been
documented over a wide range of ages and domains, the
findings also point to a need for better design principles and
theoretical frameworks to determine how this potential
may be leveraged to address the cognitive, pedagogical,
and epistemological issues at play in the science classroom.
In particular, two areas in this realm have not been
researched sufficiently. First, the literature has focused
almost entirely on predesigned physical and computer
models or laboratories. Predesigned models can provide
scaffolding and make students aware of relevant informa-
tion about a problem, but they fail to provide students
opportunities to evaluate the assumptions and limitations of
the models themselves (Papert 1980). The practices of
creating and critically evaluating models constitute an
important part of scientific practice and have been valued
increasingly as educational goals (Blikstein and Wilensky
2006; Blikstein 2010; Gire et al. 2010). Second, the liter-
ature has not adequately explored the potential for deeper
support for students’ explicit comparisons between physi-
cal and virtual models. Most such work focuses either on
the comparison of physical and virtual laboratories or on
their sequencing, but not on the mutual synergies they
create when connected in real time. When these synergies
are explored, the virtual laboratories employed are often
transpositions of physical laboratories to a virtual envi-
ronment: Beakers, test tubes, and chemicals are simply
made virtual in a computer-based environment, and stu-
dents use these representations to conduct experiments. For
example, Smith et al. (2010) noted that scaffolds in virtual
models or direct data sharing between virtual and physical
models could help students recognize the similarities and
differences between the model and reality. But when sci-
entists use models and simulations together with real-world
data, they are looking for synergies rather than replace-
ments—they use virtual and physical models to bring to the
table different kinds of information, questions, and
insights.
The Bifocal Modeling Framework
The bifocal modeling framework (BMF) (Blikstein
2010, 2012, 2014) is an approach to inquiry-driven science
learning that involves the investigation of natural phe-
nomena through the real-time coordination of physical
experimentation and virtual modeling. The approach
challenges students to design and compare physical
experimentation coordinated with the construction of vir-
tual models with the goal of identifying the respective
advantages, differences, and limitations, of these discrete
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modalities for the study of nature. In these activities, stu-
dents explore, through physical experiments, scientific
phenomena such as heat diffusion, the properties of gases,
and wave propagation; design virtual models; and, in real
time through iterative comparisons, connect their experi-
ments’ empirical data sets with their models. During the
physical phase of the process, students first design and
develop a physical experiment. Next, as they conduct
the experiment, they utilize embedded sensors or time-
lapse cameras to collect data. Concurrent with their phys-
ical experimentation, the students design and develop a
virtual model for the same phenomenon and compare the
behavior of their virtual model with observations from their
physical experiment (Fig. 1). Finally, when students iden-
tify discrepancies, they have opportunities to redesign their
models and reiterate the process.
Depending on the nature of the phenomenon studied in a
bifocal activity, students can utilize various programming
languages to implement their virtual models [NetLogo
(Wilensky 1999), Scratch, etc.]. The students’ goal is to build
a model whose behavior matches or imitates the physical
data they collect. Through the comparison of the virtual
model’s behavior with their experimental data, the students
are able to discover discrepancies between the results of the
different modalities. Piaget (1985) argued that to foster
conceptual change, students must be confronted with ‘‘dis-
crepant events’’ that contradict their conceptions and invoke
a ‘‘dis-equilibration or cognitive conflict.’’ Following the
forms of equilibration in Piaget’s theory, researchers
(Hewson and Hewson 1984) identified two distinct types of
cognitive conflicts: the conflict between the internal and
external worlds of a student’s conceptions and experiences,
and the purely conceptual conflict between two different
cognitive structures related to the same phenomenon.
Given that the BMF may include many different tools
and techniques, there are multiple possibilities for class-
room implementation of each modality. To structure our
studies, we divided the physical and the virtual assignments
into a sequence of shorter activities. Each modality
includes three main assignments: design (which includes
planning), construct, and interact (Fig. 2):
1. Design Students select a research question, plan their
observation, generate hypotheses, and design experi-
ments and virtual models that will potentially confirm
them. In designing the virtual model, students define
variables and conceptualize micro-rules or equations to
describe the phenomenon.
2. Construct Students structure both their physical exper-
iment and virtual model.
3. Interact Students interact with their experiments
through direct observation or the use of embedded
sensors/cameras; they interact with their computer
models by changing parameters; and they record data.
The empirical phenomenon of bacterial growth in a Petri
dish exposes students to a complex system with many
variables. We chose bacterial growth because of the simple
cellular structure of bacteria, their rapid reproduction, and
the complex ecological dynamics of the phenomenon. Our
goal was for students to recognize the distinctive patterns
of each of the four stages of the bacterial growth curve
(Fig. 3), to understand the variables underlying these pat-
terns, and to explain the mechanisms of each. The four
stages are explained below.
A. Lag phase Bacteria population remains temporarily
unchanged; during this phase, the bacteria adjust to
their new environment, repressing or inducing enzyme
synthesis, and initiating chromosome replication.
B. Log phase Bacteria growth proceeds by ‘‘binary
fission,’’ a process by which individual bacteria divides
into pairs. Exponential growth cannot continue indef-
initely because the medium is soon depleted of
nutrients, which are replaced by waste products.
C. Stationary phase The population remains constant
because the rate of bacterial growth is equivalent to the
death rate.
D. Death phase In this final stage, the bacteria have
exhausted their nutrients, lose their ability to divide,
and die off. As in the rapid growth phase, the decay
pattern characterizing the death phase is exponential (1)
In this study, we will describe and evaluate our attempt
to utilize the BMF to teach 9th grade students the behavior
Fig. 1 Examples of bifocal models: gas laws (left) and Newton’s cradle (right)
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of biological systems in general and, specifically, the
bacterial growth dynamic.
Methods and Research Setting
Participants
The study was conducted with 13 students (4 females and 9
males) and lasted for a total of 3 days (about 15 h) in a
university laboratory setting. Students came from a 70 %
minority high school located in a predominantly Latino
urban community and had volunteered for the 4-week,
30-h/week digital fabrication workshop at a research uni-
versity. This workshop took place during the school’s
intersession, during which all students were required to
enroll in a month-long extracurricular course or internship
outside of school. The selection of students was governed
by a complex allocation system developed by the school,
which resulted in a sample that was approximately repre-
sentative of the school’s diversity.
Data Sources
All students were videotaped during all activities, their
computer usage was logged with screen-capture software,
the researchers conducted informal interviews and kept
field notes, and all students’ notes and sketches were saved.
Following the transcription of the entire 15 h of video
recordings, all data were analyzed by the researchers.
Episodes explicitly showing moments of comparisons
between the virtual model and the physical
experimentation were selected by the research team as the
focus of this study. To reveal the discrepancies in these
episodes, the researchers analyzed the content and the
context of the situations in the video recordings in order to
identify iterative moments of comparison.
Instructional Sequence
The 15 h of work was divided into four main activities
(Fig. 4):
1. Introduction and physical experimentation After the
students were given an introduction to bacterial
growth, they were tasked to grow real bacteria. They
prepared a Petri dish with agar and collected a bacteria
sample from an object likely to be contaminated (e.g.,
a door knob, keyboard, toilet). It was predicted
that students would collect different species of bacteria
as well as fungal species and not pure bacterial culture.
Fortunately, the morphology of bacteria colonies is
different than fungal colonies, so researchers could
show students how to discriminate between colonies
easily. The Petri dishes were incubated at room
temperature. The students were also provided a time-
lapse camera to capture images of the Petri dishes at
30-min intervals over 7 days. The images were auto-
matically compiled into a video. In response to time
restrictions, the workshop facilitators also showed the
students a video of a bacterial growth experiment
conducted previously by the research team in the same
laboratory with the same toolkit.
2. Web inquiry and presentation Students were grouped
into pairs and asked to make a list of questions about
bacteria and bacterial growth. They were asked to
conduct Web research to answer these questions, and
they presented their findings to the entire class in short
slideshows.
3. Collaborative ‘‘whiteboard programming’’ Students
were then divided into three groups, each of which was
provided a dedicated facilitator from the research team.
Each group was asked to determine the rules that
govern bacterial growth. First, students listed all
variables they thought would affect bacterial growth.
Next, the facilitator proposed the iterative construction
of a block-based ‘‘computer program’’ on the white-
board (Fig. 5), in which the students were to generate
Fig. 2 General structure of a
bifocal modeling activity
(Blikstein et al. 2012)
Fig. 3 Bacterial growth curve over time (cell population given in log
scale)
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the main stages of bacterial growth and to account for
the development of each stage and the interaction of
the variables. After 3 h of ‘‘whiteboard modeling,’’ the
student groups were split and reformed so that each
individual was able to share their ideas with two
members from other group during a 45 min discussion
panel. After receiving feedback on their initial ideas
from members of the other groups, the original groups
were reconvened and began programming their virtual
experiment in NetLogo.
4. Programming and comparing experiments and virtual
models In the fourth and final phase, the facilitator sat
facing the group in front of a large television used for
displaying code; In this phase the facilitator’s role was
to ‘‘translate’’ the ideas of the students into NetLogo
code. These final 3 h of student engagement in our
study were dedicated to coding the students’ virtual
model and comparing the coding results with the data
collected from the experiment in the Petri dish.
Students discussed the results, developed hypotheses
for approaches to the validation of both models, and
made changes to the virtual model in order to bring it
into closer accord with the real bacterial growth
observed empirically in the Petri dish.
In summary, students created a whiteboard model and
translated their whiteboard rules into a model’s specifica-
tions. Next, they ‘‘ran’’ the model to envision how bacteria
would multiply according to the model and compared the
modeled results both with the empirical observations of
Petri dish growth patterns and with a growth curve they
were given by the researchers. Finally, the students refined
the virtual model by adding rules and variables to address
the perceived differences between the model and the
experiment. In Fig. 6, we present a diagram of our
hypothesized pedagogical model’s chronological sequence
of the typical phases of the students’ design process. This
group repeated the above design process a total of four
times during the 1.5 h of the final session (activity four).
Data and Discussion
Since the main focus of this paper is the analysis of dis-
crepant events in the modeling process, we will not focus
on the programming of the models, but on their concep-
tualization prior to programming. The data are presented as
a representative sample of the model comparison moments
and the discrepant events that students encountered during
the activity. In what follows, we focus on two groups of
students and present five episodes that demonstrate stu-
dents’ encounters with the discrepant events. To explain
and analyze the episodes, first we introduce the context for
the episode, and then the students design process, which for
the purposes of this analysis, we broke down into the fol-
lowing five stages: (a) computer model, (b) physical
experiment, (c) discrepancy, (d) discourse, and (e) solution.
Finally, we discuss the results from the five sample
episodes.
Episode # 1: How Do Bacteria Move?
In this first episode, students faced a specific conflict while
comparing the virtual design results to the actual colonies
in the Petri dish. They discovered that in the physical Petri
Fig. 4 Four activities of the
study
Fig. 5 Experiment with time-
lapse camera, ‘‘whiteboard
modeling,’’ and virtual model
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dish, bacteria do not confine their reproduction to a single
location; rather, they reproduce and migrate. This obser-
vation of the experimental results and comparison to the
model suggested the idea that bacteria do not grow on top
of each other; rather, they spread out. The following is an
account of an instance of the students’ design process
divided into the five steps described above:
a. Computer model
The first step of the design process involved planning
the virtual model on the whiteboard. The students decided
to include agents such as bacteria and food, as well as a
rule regarding reproduction. ‘‘Running’’ this model resul-
ted in the exponential growth of individual bacteria. Each
new time step resulted in an increased bacterial population
that was confined to its original location on the virtual Petri
dish.
b. Physical experiment
While observing the physical Petri dish, students noticed
that bacteria had a specific and unique growth pattern—
they do not grow on top of each other; rather, they spread
throughout the dish.
c. Discrepancy
In their comparison, the students observed a mismatch;
they saw that physical bacteria colonies in the Petri dish did
not resemble the virtual colonies of their model. In the
experiment, bacteria reproduced and spread out, forming
differently shaped colonies, but in the virtual model, they
grew on top of each other, forming a localized concentra-
tion of bacteria.
d. Discourse
At this point, students began to generate questions about
the phenomenon and sought answers for these questions in
their groups. They asked questions about: the mechanisms
for the development of the bacteria’s unique growth pat-
terns, the mechanisms for and causes of bacterial motion,
and whether or not bacterial motion was random. The
following is an excerpt from their discussion:
Student 1: Do we know if they move around randomly?
Student 2: How else would they move around?
Student 4: Maybe in specific ways that we could
understand…
Student 1: I guess, like, where they scooted, go toward
the food, but it could just do that…
Student 2: What makes you think this is fine or not? How
do you know?
Student 2: I think it doesn’t really matter how they move
Instructor: Doesn’t really matter for what?
Student 2: What do you mean?
Student 1: Like, how do you know it doesn’t really
matter, you know?
Student 2: Well, I mean, they’ll eventually find food by
moving randomly
The observation of the physical Petri dish and the
ensuing realization of the model mismatch triggered a
discussion of possible mechanisms for bacterial motion.
They began to seek possible ideas to debug the model in
order to make it correspond to the actual Petri dish. The
discussion progressed to a conversation about physical
micro-mechanisms that might explain the phenomenon:
For instance, one student suggested that the bacteria might
have whip-like flagella at their anterior ends, while another
offered that the bacteria might move randomly.
e. Solution
After the discussion, students decided to add a new rule
to their designed virtual model, which helped simulate the
random movement of the bacteria in the virtual Petri dish
and resulted in colonies that spread across the virtual dish
in a pattern resembling that of the physical experiment
(Fig. 7).
Episode # 2: Are There Many Types of Bacteria
in a Single Petri dish?
In this second episode, the students discovered that bacteria
colonies in the physical Petri dish are not uniform in
appearance: Rather, they differ in shape, texture, and color.
This observation and comparison of the experimental and
modeling results suggested the idea that bacteria in the
Fig. 6 Diagram of the iterative design process separated into steps
for the purposes of this analysis
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Petri dish do not originate from a single bacterium: Rather,
they are reproductions of different species of bacteria.
a. Computer model
During this stage, students were still in the process of
designing their virtual model on the whiteboard. They had
already added two types of agents to the model, bacteria
and food, and they had also added rules regarding repro-
duction and movement. The entailments of this planned
model resulted in an exponential growth of bacteria that
spread across the virtual dish producing colonies in a pat-
tern resembling the one in the physical dish. Each addi-
tional time step resulted in an increased population of only
one type of bacterium.
b. Physical experiment
While observing the physical Petri dish, students noticed
that bacteria colonies appear to have specific and unique
patterns. The Petri dish included several types of bacterial
colonies that differed in appearance, with unique variations
of color, shape, and texture. These differing types of
colonies also spread throughout the dish in their own
characteristic patterns, and the students surmised that these
differences corresponded to different species of ‘‘parent’’
bacteria.
c. Discrepancy
The Petri dish contained several types of bacteria
colonies, which produced a very rich spread with much
variation among colonies in terms of shape, texture, size,
and color. However, the virtual model produced only a
single type of bacteria, and the colonies resembled each
other. It seems that the model produced too much unifor-
mity, and that the increased complexity of the actual phe-
nomenon likely resulted from the speciation of the bacteria.
d. Discourse
While comparing and validating their design, students
asked questions including: How many types of colonies are
in one Petri dish? What is the origin of the colonies? How
many and what are the ‘‘seeds’’ of the colonies for the
reproduction of bacteria? The following is an excerpt from
the group discussion, which led the students to revisit their
computer models:
Student 1: I saw that there are different colors of bacteria
on our Petri dish
Student 2: They…the bacteria also look different, not
similar shape and color. In the (computer)
model it is the exact same bacteria. How can
we change it?
Student 3: In the real experiment, I notice that there are
different kinds of bacteria. Maybe it’s because
they reproduced from a different source
Student 2: We need to make different types of bacteria
(in our model)
e. Solution
At this stage, the students sought to solve the problem by
introducing multiple types of bacteria into their model.
Students then added a new rule that created a variety of initial
pools of differently colored ‘‘seed’’ bacteria, each repre-
senting a distinct species. This improved simulation resulted
in several types of bacteria colonies, which differed in color
and spread across the virtual dish, resembling more closely
what was observed for the natural phenomenon.
Episode # 3: How do Bacteria Split While
Reproducing?
In the initial stage of the design process, the students’
attempt to validate their models led to a crucial question
about reproduction. They decided to make the bacteria
reproduce, but they were not certain about the process’
mechanism. They sought to learn more about it through an
examination of the physical Petri dish, but while they could
clearly see colonies, they were not able to observe the
behavior or reproduction of individual bacteria on the
microscopic level. Since students were required to design
an agent-based computer model on their own, they decided
to consider the behavior of a single bacterium. The fol-
lowing is the design process divided into five steps:
a. Computer model
Modeled bacteria moved randomly and reproduced.
Each individual bacterium gave birth to two new individ-
uals; the ‘‘parent’’ bacterium produces two offspring dis-
tinct from itself for a total of three. Running the virtual
model resulted in an increased bacterial population.
b. Physical experiment
While trying to correlate their design and model to the
physical experiment, students realized that it was
Fig. 7 A whiteboard model resulted in an increased bacterial
population confined to an original location, reproduced on top of
each other (right). A physical experiment in a Petri dish with bacteria
colonies spread across the dish in specific patterns (left)
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impossible to see the way bacteria divide with the unaided
eye and sought answers elsewhere. They started to question
the way bacteria reproduce and searched the Internet for
answers.
c. Discrepancy
During their web research, the students found a video of
the reproduction of actual bacteria under the microscope
and discovered that bacteria reproduce by binary fission,
resulting in two new bacteria, but no parent. The actual
reproduction process contradicted their design.
d. Discourse
Even though the Petri dish experiment did not permit the
students to observe the microscopic details of bacterial
reproduction, it did lead them to discuss the topic in their
groups and to seek answers elsewhere. Seeking to explain
the phenomenon, the students asked questions such as:
Does one bacterium ‘‘give birth’’ to two different ‘‘baby’’
bacteria? Does that mean that a ‘‘parent’’ bacterium pro-
duces two offspring for a total of three? Or does each
individual bacterium become two new individuals? The
following is an excerpt from the group discussion:
Instructor: What does it mean to reproduce here? Should
they just, like, one turn into two?
Student 2: Yeah
Instructor: Split? Okay
Student 4: Wait. Does—one turns into two, you said?
Student 1: Mm-hmm
Student 4: Or would it be one makes two or no?
Instructor: Ah, so it’s like the difference between
splitting in half and giving birth to twins.
Which one do bacteria actually do?
Student 4: They split
Student 1: Twins
Student 4: They just split in half
Instructor: And here split, and you’re twins. Okay. Can
we … maybe we can look it up real quick
e. Solution
Eventually, the students decided to go with the ‘‘split’’
rule and added a new ‘‘reproduce’’ rule to their virtual
model. This rule stated that ‘‘every 20 ticks the bacteria
would split into two,’’ which resulted in the exponential
growth of the bacteria. Below is a photograph of the
whiteboard used in the students’ design process (Fig. 8).
Episode # 4: Do Bacteria Have an Infinite Life
Cycle?
While examining and running their virtual model, the
students discovered that the bacteria would not stop
reproducing and would live indefinitely. However, these
virtual results did not correspond to what was actually
observed in the physical experiment; therefore, they began
questioning bacterial death as a conclusion to colony
propagation. Their next step was to seek a mechanism that
would induce bacterial death through the manipulation of
food resources.
a. Computer model
In their computer model, the students made their virtual
bacteria move randomly and reproduce every 20 ticks. The
bacteria reproduced without interruption, and their popu-
lation increased until they completely covered the virtual
Petri dish and continued to increase indefinitely.
b. Real experiment
Observation of the actual Petri dish experiment led the
students to realize that the size increase of the empirical
bacteria colonies was not unlimited. After several days, the
individual colonies ceased to expand and remained the
same size. Additionally, the students became aware of the
bacterial growth curve, which includes a death phase. They
realized that, eventually, the bacteria in the physical
experiment begin to die off and that bacteria do not live
indefinitely.
c. Discrepancy
In the physical experiment, the students realized that
bacterial life is not without limits, and that the colonies
produced boundaries when they ceased expansion after a
relatively limited term. Yet, in the virtual model, the bac-
teria reproduced every 20 ticks indefinitely, and the stu-
dents realized that there was a fundamental difference
between the growth patterns of the empirical and virtual
experiments.
d. Discourse
In this phase, students discussed environmental condi-
tions that might prevent the unlimited reproduction of the
bacteria. After considering specific environmental vari-
ables (food, waste, water, etc.), the students focused on the
effect of the availability of food on bacterial population
and life cycle. In the following excerpt of students dis-
cussion of this subject, the students had been asked to
figure out how to ‘‘translate’’ the rule of limited food
resources into NetLogo. They added a new type of agent to
the model, ‘‘bacteria’s food,’’ and programmed it so that,
once the food was exhausted, the bacteria would cease
reproducing and die off. The following is an excerpt from
the group discussion:
Student 2: Look at the death
Student 1: Death?
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Student 4: What should happen is that they run out of
food
Student 3: Okay. How should we—how should we do
that? Can we make some—write some
imaginary code for that?
Student 2: Made some of the (food pieces) disappear
Instructor: So can you give me more? Imagine that I’m,
like, really like a dumb computer. You need
to tell me the steps I need to take. Is it, like,
when all that is gone, then they all die?
Student 1: The bacteria
Student 4: They slowly die. They still reproduce, but
they slowly die
Student 1: Okay. And when is it, like, every tick or…?
Student 2: Every ten
Student 3: If all (food pieces)—all 100 (food pieces) are
gone, then bacteria die
Instructor: If all food is gone, then all bacteria die. Okay.
Let’s run the model in our heads and think
about how we’re going to do it. So all the
food is gone…eventually when they run out
of food, boom, they die. They all die. That’s
the code we have right now
e. Solution
Students added the ‘‘food’’ agent to their design. The
corresponding rule was that when food is exhausted, and no
new food resources are available, the bacteria die. There-
fore, in the revised design, thus, bacteria no longer had an
unlimited life span.
Episode # 5: When do Bacteria Start Reproducing?
After ‘‘running’’ the virtual model from episode # 4, a
student observed a further mismatch: The simulated growth
curve exhibited an exponential increase from the outset,
which she noted was incorrect because the physical growth
curve initially exhibited a flat ‘‘lag phase.’’ After a long
discussion, group members attempted to explain the lag
phase of the bacterial growth, which commenced with the
incubation of the Petri dish.
a. Computer model
In their model, students made their virtual bacteria begin
reproducing as soon as they were introduced into the Petri
dish.
b. Physical experiment
After comparing their model’s results with the curve
derived from observations of the physical experiment, the
students became aware of the lag phase that occurs before
bacterial reproduction becomes apparent. They discovered
that it took about 5 days before they could detect a visible
colony on their Petri dish. This discovery led them to
realize that specific conditions must be met for bacterial
reproduction to become visible.
c. Discrepancy
It took time for students to realize that there is a ‘‘lag
phase’’ at the outset of the bacterial growth process. In the
physical Petri dish, 5 days elapsed before the students
observed visible alterations of the agar medium and colony
growth. However, in their initial model, bacteria grew and
reproduced immediately. After comparing their computer
model with the results of both the experiment and the
bacterial growth curve, the students realized that the initial
stage of the physical experiment evinced no visible change
in bacteria population. This conflict engaged them in
rethinking the phenomena they were attempting to model,
and led them to revise their model according to their
observations of the physical experiment.
Fig. 8 Whiteboard model with
the new ‘‘reproduction’’ rule for
bacteria: ‘‘every 20 ticks split’’
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d. Discourse
In order to clarify this discrepancy and to achieve a
better correlation with their observed results, the students
needed to find, for inclusion in their model, an explanation
for the initial ‘‘lag’’ phase of bacterial growth. Here is an
excerpt of the group discussion:
Instructor: What about the, I am asking again because
I’m really trying to make a point here.
Remember, they didn’t start like this in the
graph? They didn’t just reproduce?… and we
did it like that and we had this phase which
they don’t change, … yeah. What happen
there?
Student 4: The lag?
Student 3: What is happening? Yeah, what is happening
to them, the bacteria in real bacteria dish?
Student 2: Because it takes a while for it to form and like
reproduce. As soon as they get the hang of it,
they’re like, yeah, to make more
Student 3: So they get used to their… like they get used
to their environment
Student 4: Their place
Instructor: So how can we do it in program? What do we
need to add there?
Student 3: Maybe like a spurt where they’re having a
bunch of babies, and they kind of stop having
babies, then they start having babies again.
Have it slowly…
Student 4: Slowly, so they won’t start at the beginning?
Student 2: Yeah then they start, and then they don’t, and
then they start
Student 1: Are you trying to make it like this?
Instructor: How can we turn this idea of the lag phase
into a code?
Student 2: I guess we can use a wait, about like twenty
ticks—oh that’s a lot, a lot of wait, like ten
ticks, to get used to the environment, so they




In the process of generating a virtual model that better
emulated the natural phenomena, the students added
behavior parameters and behavior sequences in ways that
either related explicitly to real-world behaviors or included
real-world constraints. In this episode, the students added
rules so that their modeled bacteria would only reproduce
after they got ‘‘used to’’ their environment. In this case, the
students’ implementation of their designed model included
the following manipulations of the food variable. If the
model’s food value is greater than ten (one food piece is
added at each time step throughout the model), the bacteria
reproduce; if this value is less than ten, the bacteria first
enter a lag phase and wait to reproduce (Fig. 9).
The table summarizes the sample episodes that
demonstrate this iterative process by one of the groups.
Notice the learning process occurs each time after the
mismatch is revealed. Here we divided learning process
into three steps: (1) Students ask an insightful question, (2)
They rethink and understand the scientific concept, and (3)
They revise the model, so it will explain the phenomenon
(Table 1).
Discussion
In this paper, we have described an iterative process that
students have gone through while designing a scientific
model of bacteria growth. Their initial assignment was to
conduct a physical experiment using a Petri dish, after
which they were asked to design a model to explain the
natural phenomenon observed in the experiment. As it is
apparent in the preceding accounts, the process of model
design was iteratively scaffolded in five steps:
1. Designing an initial computer model
2. Comparing that model’s results with those of the
physical experiment
3. Detecting a discrepancy
4. Discussing the underlying reason for that discrepancy
5. Resolving the discrepancy
As additional discrepancies become evident, the process
is repeated until the best match for the natural phenomenon
is achieved. Students first generated a very simple model of
bacterial growth and compared its output to their obser-
vations of the physical experiment. During this compar-
ison, they encountered mismatches between the modeled
outcome and the behavior of the actual bacteria. Next, the
students considered the empirical mechanisms underlying
these discrepancies and refined their computer model
accordingly through the addition of new agents and rules.
Our data reveal two types of learning patterns involved in
Fig. 9 Bacterial growth curve as it is in the model (right) without the
lag phase and with the lag phase (left)
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the students’ engagement in this iterative design process:
(a) navigation between the micro- and the macro-levels of
the phenomenon and (b) the ‘‘translation’’ of an elaborate
phenomenon into simple, micro-level rules:
a. Navigation between the macro- and micro-levels of the
phenomenon This pattern was characterized by the way
students navigated between the macro-level behavior
of bacteria populations visible as colonies in the Petri
dish and the micro-level behaviors of individual
bacteria cells. Our data indicate that although the
students were not able to examine the behavior of
individual bacteria during their observations of the
physical experiment (i.e., students did not have access
to microscopes or similar equipment), they could see a
trend for the collective behavior of the bacteria at the
colony level. Since students were required to design an
agent-based computer model, while comparing it to
their physical data results, they were led to a shift from
consideration of the overall behavior of colonies to the
behavior of single bacteria. For example, in episode 1,
the students identified that empirically, bacteria
colonies migrated randomly throughout the Petri dish,
while the modeled bacteria colonies grew on top of
each other in a single location. The iteration of their
observations at the colony level in the Petri dish to
their use of these observations to revise and correct
their computer model required that the students
understand the system at another level. Thus, to
understand the behavior of the colony, the students
needed first to understand and explain mechanisms that
occurred at the micro-level in terms of behaviors of the
individual bacteria. The issue of levels thinking has
been extensively addressed in the literature (Wilensky
and Resnick 1999; Wilensky and Reisman 2006; Levy
and Wilensky 2009; Levy and Wilensky 2008; Blik-
stein and Wilensky 2007), and scholars have shown the
benefits of having students transition between micro-
and macro-levels of description of scientific phenom-
ena. From our data, it seems that the bifocal framework
afforded a new type of interaction: Students employed
the real experiment as their macro-level representation
‘‘anchor,’’ while keeping the computational algorithm
as their micro-level anchor. We argue that this
recursive process not only enriched students’ inquiry
process, but it provided a new type of epistemic game
(Collins and Ferguson 1993) through which students
could accelerate and deepen their sense about bacteria
growth.
b. Translation of a complex physical phenomenon into
simple, micro-level rules As a result of the process
described in (a), students translated the complex
system behavior of the physical experiment into simple
Table 1 Summary of the episodes
# Model results Experiment results Learning process
Question Rethink Revise











Bacteria do not grow on top
of each other; rather, they
spread randomly
Simulate the random spread of
the bacteria in the virtual Petri
dish
2 Produced only a single
type of bacteria, and
the colonies
resembled each other








Bacteria do not originate from
a single bacterium: Rather,
they are reproductions of
different species of bacteria
Create a variety of initial pools
of differently colored ‘‘seed’’







Petri dish experiment did not








The actual bacteria under the
microscope reproduce by
fission, resulting in two new
bacteria, but no parent
Added a new ‘‘reproduce’’ rule
to their virtual model. This
rule stated, ‘‘every 20 ticks the





Bacteria begin to die off and





Individual colonies ceased to
expand and remained the
same size. Bacteria do not
live indefinitely
The corresponding rule was that
when food is exhausted, and
no new food resources are
available, the bacteria die




There is a lag phase.
Bacterial reproduction









Added rules so bacteria would
only reproduce after they got
‘‘used to’’ their environment
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rules, which are implementable within a computational
model. In episode 4, for instance, by going through the
bifocal epistemic game, students were able to conclude
that the bacteria colonies stopped expanding and
remained the same size. Additionally, they became
aware of the bacterial growth curve, which includes
both steady growth and death phases. To simplify the
complex system of the bacterial life cycle, the students
focused on a single variable: the effect of the
availability of food resources on bacterial population.
In this specific episode, they added a new type of agent
to their model, ‘‘bacteria’s food,’’ as well as a new rule,
which established that the exhaustion of the food
supply would lead to the cessation of bacterial
reproduction and, subsequently, death and colony
decline. Thus, the process of examining the bacterial
life cycle, the realization that the life of bacteria is not
unlimited, and the translation of the empirically
observed behaviors into modeled rules constituted a
key learning outcome for the students who participated
in the bifocal modeling activity.
In both of the above learning patterns, students con-
fronted discrepancies that motivated them to reach beyond
physical experimentation and begin a process of inquiry
that included questions, group discussion, and exploration
to seek an explanation of the discrepancy. For example, in
episode 3, the students lacked the benefit of microscopy
and were unable to observe the bacterial reproduction
process at the cellular level. However, comparison of their
empirical observations and their virtual model inspired
them to ask questions and conduct online research, which,
in turn, lead to the discovery of video revealing the process
under a microscope. In this case, students were provoked
by the process of comparisons and their subsequent dis-
covery of the mismatch between their model and the
physical experiment to extend their inquiry process beyond
the scope of the experimentation. During their model
design, the students repeatedly compared and validated that
model with reference to the physical experiment they were
conducting. This comparison and the discrepancies it
revealed encouraged students to further explore the bacte-
rial growth phenomenon on different levels. The students
then sought to expand their knowledge of bacteria growth
by providing mechanisms for their computational model
and translating complex empirical behaviors into modeled
rules. The recursive, iterative process of model design
encouraged students to experience a process utilized by
scientists in various fields: the recursive refinement of a
scientific model through repeated observations of scientific
phenomena and the employment of those observations to
correct and validate models.
Unfortunately, authentic implementations of this process
of iterative comparison and recursive refinement occur in
only a minority of science lectures and laboratories in high
school. Because of the sequential character of typical class,
the laboratory experiment is often too far removed from
model design or equation exploration to provide mean-
ingful feedback to the process of discovery. Consequently,
such laboratories serve merely to verify previously learned
content. This approach denies students the opportunity to
deepen their understanding of scientific phenomena
through comparison of the emerging results of concurrent
physical experimentation with a model, and the opportunity
to engage in a scientific modeling process. We believe that
the implementation of a framework that integrates empir-
ical research and scientific modeling offers students the
opportunity to experience and engage in authentic scientific
inquiry. In addition it offers a conceptual understanding
through repeated comparisons of the virtual model and the
observations of physical experimentation.
Conclusion
The rise of computer models and simulations in the
research of highly complex scientific phenomena is a rev-
olutionary development that has affected all of the sci-
ences, and increasingly scientific experiments are being
undertaken with simulation tools. Bifocal modeling is
motivated by the idea that science education should
respond to the changing character of science and scientists’
work. It is a framework that explicitly links physical
experimentation and virtual modeling in a way that high-
lights for learners the nature and limitation of models.
Thus, this approach to learning is closer to the laboratory
work of actual scientists in that it pursues knowledge, not
as an absolute or definitive truth, but as a working
approximation of an imperfectly understood empirical
reality.
This study describes the use of the bifocal modeling
framework as a way to engage high school students in the
study of bacterial growth as a complex, multimodal phe-
nomenon. Specifically, here, the students are first exposed
to the real-world phenomenon of bacterial growth, a
complex emergent system with many variables (Hmelo
et al. 2000). They were then asked to design and develop a
virtual model, while constantly and explicitly referring to
the experiment and validating their design in an iterative
cycle. This study illustrates how discrepancies that arose as
a result of the tight coupling and comparison across virtual
modeling and physical experimentation were both con-
ceptually and epistemologically generative, rather than
detrimental to learning.
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One of the main features of the bifocal modeling
framework is its explicit comparison of the virtual models
designed by students and physical experimentation in real
time or with a very small delay between the two modalities.
Our results suggest that the use of physical experimentation
as a reference pattern in the creation and refinement of the
virtual model was effective for a number of reasons. First,
in designing a virtual model that recreates the bacterial
growth curve, students used their previously acquired
knowledge about the curve and the physical cues of bac-
teria colonies as an initial reference pattern that indicates
what their model should ultimately generate. When the
modeled behaviors did not match the observed ones, stu-
dents faced a discrepant event that required resolution
(Piaget 1985; Hewson and Hewson 1984). This mismatch
led to debugging (Papert 1980) and encouraged students to
question their assumptions, rethink their results, and con-
sider alternative explanations and models. As a conse-
quence of these activities, the students’ attention remained
focused throughout the process and they are actively
engaged in hypothesis generation and testing.
In our study, students acquired specific and detailed
evidence regarding the behavior of bacteria throughout the
entire activity, but the value of this evidence became
apparent to them almost exclusively during their attempt to
make their virtual model match their empirical observa-
tions. During their web research and physical experimen-
tation, the students took note of the fact that bacteria grow
in specific patterns, do not remain in their original location,
and do not grow indefinitely. These bits of evidence may
have remained implicit had the students not engaged in
‘‘model matching.’’ However, as a result of their matching,
they gained awareness of how the observations connect as
they worked to design a more accurate virtual model.
Furthermore, without the real-time (or nearly real-time)
comparisons with the physical experimentation, these
opportunities to connect bits of evidence to make progress
may have been overlooked. Studies report that students are
able to design correct models (Mulder et al. 2011), but that
they often fail to relate their knowledge of natural events to
their models (e.g., Sins et al. 2005).
Finally, as we discussed in the introduction, researchers
have argued that by making virtual models very similar to
physical phenomena, and thus backgrounding their differ-
ences, learners could achieve equal results in both virtual
and physical experimentation. Conversely, we argue that
the differences between virtual and physical models should
be foregrounded and made apparent to students, and that
combining the virtual and physical modalities and
encouraging students to seek out mismatches offers a
promising way to make learning with models more effec-
tive. Schwartz et al. (2011) state that comparing and con-
trasting cases encourages students to explore the
underlying features of a phenomenon and deepen their
understanding. Indeed, we find that process of model
comparison and experimentation matching encourages the
students to become engaged in the discovery of discrepant
events in a manner that is congruent with scientific pro-
fessional practice. Our students’ desire to ‘‘fix’’ their
models developed spontaneously throughout the activity.
Even though we acknowledge that further research is
needed to fully validate our framework, our data suggest
that the main feature of bifocal modeling—real-time model
experimentation comparison—was effective in the gener-
ation of model debugging moments that engaged students
in rich, agentive, and generative intellectual work.
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